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ABSTRACT

USING UAV AND TRADITIONAL REMOTE SENSING DATA TO DETECT
VEGETATION VIGOR AND MONITOR STREAM MORPHOLOGY IN A DESERT
RIPARIAN ECOSYSTEM
Jordan Bradley Adair

Mono Lake is a terminal lake in the Eastern Sierra Nevada Mountains. The
streams that feed Mono Lake support a unique desert riparian ecosystem. Rush Creek was
the stream of interest for this study. The objective of this research is to determine if
remotely sensed imagery can be used to determine vegetation vigor and measure stream
morphologic features in a desert riparian area. The goals were to evaluate different
sources of remotely sensed imagery to make these determinations. The Normalized
Difference Vegetation Index (NDVI) was used to monitor vegetation vigor along Rush
Creek. Google Earth imagery and UAV derived imagery were used to measure various
morphologic stream features such as channel width, floodplain width, location and width
of meanders, and location and width of pools. Initially, seventeen years (1999 – 2016) of
NASA Landsat derived NDVI values were analyzed. Next, NDVI from USDA National
Agriculture Imagery Program (NAIP) imagery was analyzed. Finally, an Unmanned
Aerial Vehicle (UAV) was flown over Rush Creek during the summer of 2017 and color
and multispectral imagery was collected from which the NDVI index was calculated.
The UAV derived imagery provided the most detail for vegetation vigor with 7ii

centimeter resolution. Google Earth Imagery and UAV derived color imagery were
effective at measuring stream morphology. Overall, the UAV imagery outperformed the
other sources of imagery for determining vegetation vigor and measuring morphologic
features. Based on these results, UAV derived color and multispectral imagery should be
included in the long-term vegetation monitoring at lower rush creek.
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INTRODUCTION

Desert riparian ecosystems provide biological value and are particularly
vulnerable to human alterations and climate change (Stromberg and Patten, 1990 ; Perry
et al., 2012). Dams and diversions lead to reductions in the magnitude and frequency of
flood events, alter the timing of floods, and result in geomorphic changes such as channel
narrowing and incision (Poff et al., 1997).
Mono Lake is a terminal lake in the Eastern Sierra Nevada Mountains that is fed
primarily through spring snowmelt. Mono Lake is in an arid, closed basin and has no
outlets. Through thousands of years of evaporation, the waters of Mono Lake are
hypersaline and alkaline (Mono Basin EIR, 1993). Beginning in 1940s the city of Los
Angeles began diverting water from the main tributaries that feed Mono Lake for use in
water and power (Ficklin et al., 2013). By 1982 the lake had been reduced to half of its
pre-diversion capacity and had doubled in salinity (Dana, 1986). These diversions
reduced streamflow and caused the main tributaries to dry up which resulted in loss of
riparian vegetation, increased erosion, and channel incision (Carle, 2004). Litigation
ensued over the water rights to Mono Lake and in 1983 the California Supreme Court
ruled that Mono Lake is considered a public trust and that the Los Angeles Department of
Water and Power (LADWP) must release certain flows to Mono Lake to protect the
resources there (State Water Resources Board, 1994). In 1994 Decision 1631 was
implemented by the State Water Resources Board (SWRB), this decision amended
LADWP’s water right licenses and established in stream fishery flows and channel
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maintenance flows for the main tributaries to Mono Lake (McBain and Trush, 2010). The
four main tributaries to Mono Lake are Rush Creek, Lee Vining Creek, Parker Creek, and
Walker Creek (McBain and Trush, 2010). Order 98-05 issued in 1998 revised the D1631
flows and implemented minimum baseflow requirements and “Stream Restoration
Flows” (SRFs) for each of the four main tributaries to Mono Lake. Additionally, order
98-05 established a stream monitoring program that was supervised by SWRCBappointed Stream Scientists William Trush and Chris Hunter. The stream restoration and
monitoring program instituted in 1998 had the main goal of “developing functional and
self-sustaining stream systems with healthy riparian ecosystem components” (McBain
and Trush, 2010). After 12 years of monitoring the impacts of “Channel Maintenance
Flows” and SRFs, new flows referred to as Stream Ecosystem Flows were recommended
for the main tributaries to Mono Lake (McBain and Trush, 2010). During the summer of
2016 William Trush approached Dr. Jim Graham of Humboldt State University regarding
the implementation of remotely sensed data in the long-term monitoring of the riparian
vegetation and channel morphology of the main tributaries to Mono Lake (personal
communication with William Trush, 2016).
There are numerous indices derived from remotely sensed data that can be used
for vegetation monitoring. These indices include the Normalized Difference Vegetation
Index (NDVI), Normalized Difference Water Index (NDWI), Enhanced Vegetation Index
(EVI), and Visual Vegetation Index (VVI). The most widely used vegetation index is
NDVI (Teillet et al., 1997, Fensholt et al., 2009). NDVI uses red (VIS) and near-infrared
(NIR) wavelengths in pixels of satellite derived or aerial imagery to determine amounts
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of healthy vegetation (equation 1). Plants absorb light in the visible spectrum and reflect
light in the NIR wavelengths, thus more reflected light in the NIR wavelengths indicates
healthy vegetation (Tucker et al., 1991). NDVI has been used to monitor the impacts and
severity of drought (Peters et al., 2002), and to determine rate of green-up and senescence
of vegetation (Reed et al., 1994; Pettorelli et al., 2005). Other indices used to measure
vegetation including the (NDWI) that has been used to measure liquid in vegetation from
space (Gao, 1996), and the VVI that uses light in the visible spectrum to detect
vegetation. VVI has been used to detect rooftops from non-rooftops in a rural area
(Joseph et al., 2015).
Equation 1.
NDVI = (NIR – RED) ÷ (NIR + RED)
During the summer of 2016 Principal Investigator Dr. William Trush measured
stem lengths of various cottonwood and willow species along specific areas of Lower
Rush Creek. For the purpose of this study the extent of Lower Rush Creek is between the
geographic coordinates, 37.914° N, -119.08° W and 37.947° N, -119.058° W and has a
varying width between 90 feet and 1400 feet. Multiple stems were measured from each
tree and the measurement shows how much each tree grew over the previous year
(William Trush, personal communication).
Unmanned Aerial Vehicle (UAV) acquired data provides images at a higher
spatial and temporal resolution than satellite derived imagery at a relatively low-cost
(Flener et al., 2013; Lukas et al., 2016). For river mapping, UAV data has been combined
with other remote sensing data sets to create high resolution images of river channels and
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digital terrain models of geomorphic features (Flener et al., 2013; Lejot et al., 2007).
Multispectral imagery acquired with a UAV has been used to see signs of stress in
orchards, detect deficiencies in certain crops using NDVI, detect bark beetle infestation in
trees, and map invasive species in rangelands (Hogan et al., 2017; Primicerio et al.,
2012), however few studies have used UAV acquired multispectral imagery to determine
vigor in riparian vegetation (Daryaei et al., 2020).
Recent developments in photogrammetry have resulted in low-cost options to
create high resolution topographic reconstruction using the Structure-from-Motion (SfM)
technology (Westoby et al., 2012). SfM shares some of the principles to create 3-D
structure as stereoscopic photogrammetry, mainly using a series of overlapping, offset
images. The main difference between SfM technology and traditional photogrammetry is
that SfM technology automatically calculates the geometry, camera position, and
orientation of the scene (Westoby et al., 2012).
UAV imagery and SfM technology have been used to create orhtomosaics and
Digital Terrain Models (DTMs) with a spatial accuracy between 65 and 120 cm (Turner
et al., 2012). For river mapping UAV imagery and SfM have been used to create DEMs
of floodplain morphology (Fonstad et al., 2013), SfM and imagery taken from a lowaltitude helicopter flight were used to create high resolution orthomosiacs and DEMs of a
32-km river segment (Dietrich, 2016), and mobile laser scanning combined with UAV
imagery has been used to produce DTMs of river channels (Flener et al., 2013). For
vegetation monitoring UAV imagery and SfM have been used to measure Leaf Area

5
Index (LAI) and create canopy models of vineyards as an alternative to using vegetation
indices (Mancini et al., 2013; Matthews and Jensen, 2013).
The goals of this research are to determine if currently available remote sensing
data or UAV acquired data can be used to monitor vegetation vigor on a relatively small
extent, and to determine if currently available remote sensing data or UAV data can be
used to observe changes in stream morphology due to changes in stream flow. The
morphologic features of interest include width of the main channel and floodplain,
location and width of pools, and location and width of meanders.
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METHODS

High-resolution multispectral imagery was acquired using a UAV over the Lower
Rush Creek riparian area during the summer of 2017. NDVI images calculated from this
imagery were used to determine if there are any spatial relationships in NDVI including
distance from stream and location along stream (upstream, midstream, and downstream).
Additionally, UAV derived NDVI values for specific trees were compared to in field
growth measurements of trees to determine if there is a relationship between the two.
Finally, the widths and lengths of bends, runs, and pools of Lower Rush Creek were
measured and observed in 2016 NAIP imagery and 2017 UAV imagery to determine
which remote sensing techniques are the most appropriate for monitoring the impacts of
varying flow regimes.
Study Site

The evaluation concerns Lower Rush Creek and its floodplain. For the context of
this research Lower Rush Creek refers to the area from the confluence of Walker and
Rush creek to just before the mouth of Rush Creek at Test Station Road (37°54ˈ48.7ˈˈN
119°04ˈ48.9ˈˈW, 37°56 ˈ 50.4ˈˈN 119°03ˈ29.6 ˈˈW), this includes approximately 3 miles
of meandering stream and the floodplain that ranges from 300 to 1500 ft. in width (Figure
1 & Figure 2.). Rush Creek is one of the main tributaries that feeds Mono Lake in the
Eastern Sierra Nevada Mountains of California. Rush Creek flows from the glaciated
valleys of the Eastern Sierra mountains and is composed of deltaic gravels and young
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volcanic rocks (McBain and Trush, 2010). Rush Creek supports a riparian corridor
composed of woody, herbaceous, and seasonal vegetation (McBain and Trush, 2010).
Flows to lower Rush Creek are impaired be Southern California Edison dams and
regulated by LADWP. Measured flows combined with estimated unimpaired flows can
be used to monitor the impacts of flow regime on morphology and riparian vegetation for
lower Rush Creek. McBain and Trush (2010) calculated estimated unimpaired flows
using USGS runoff data from 1990 to 2008.

Figure 1. Map depicting the Mono Basin. The map shows the Lower Rush Creek study
site in relation to Mono Lake. The general location of the Lower Rush Creek
study site is outlined in a red bounding box.
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Figure 2. Map depicting lower Rush Creek between Test Station Road and the Narrows.
These locations were the northern and southern boundaries of the study area
defined as Lower Rush Creek.
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Field Data Collection

From August 10th 2017 to August 12th 2017 a DJI Inspire 1 version 2 UAV was
flown over the Lower Rush Creek Riparian area. The UAV was equipped with a DJI
Zenmuse X3 12-megapixel camera and a MicaSense RedEdge five-band multispectral
sensor. The specific wavelengths for the individual bands on the RedEdge are as follows:
Blue – 475 nm, Green 560 nm, Red 668 nm, RedEdge 717 nm, Near Infrared – 840 nm.
The UAV missions were planned using the DJI Go and Drone Deploy mobile software
applications and controlled on an Apple iPhone. UAV images were mosaicked using the
Agisoft PhotoScan the day they were acquired to check quality and determine if the areas
of interest along Lower Rush Creek are fully covered. NDVI images of approximately
7.5 centimeter resolution were created from the RedEdge camera images using the NDVI
tool in ENVI. Based on the location of trees measured by the Principal Investigator, Dr.
Trush, during the summer of 2016 Python scripts were developed to extract pixel values
that correspond only to these trees. To ensure that the pixel values were extracted for the
correct location each tree measured by Dr. Trush was identified in the high-resolution
UAV imagery and the canopy width of the tree was measured in ArcMap. The measured
canopy values were used to create a buffer for each tree point based on a tree
identification number and the pixel values were extracted based on this buffer.
Additionally, the Python scripts and ArcMap calculated the average, minimum, median,
and maximum NDVI values for the pixels that encompass these measured trees.
Coordinates for specific trees were not collected. All locations of trees were identified in
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the field and marked on physical maps by the Principal Investigator. Using the same
aerial imagery as the marked field maps, locations were digitized using ArcMap. The
digitized tree locations were used to identify specific trees in the UAV imagery.
Characterizing Stream Morphology

Google Earth Imagery captured on June 26, 2016 was exported from Google
Earth Pro and Georeferenced using Esri ArcMap (Figure 3). Width measurements
collected during the summer of 2016 were marked on field maps by Dr. William Trush.
These measurements were digitized in ArcMap using June 2016 Google Earth imagery as
a basemap. A two-sample t-test was performed using the Stats package in R software
version 3.5.1 to determine if there was a significant difference between the average
widths measured in the field and the average width measured using the Google Earth
imagery.
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Figure 3. Map showing the location of Cottonwood and Willow trees that were measured
in field during the summer of 2016. Cottonwoods are depicted in orange; Willows
are depicted in yellow. The location of these trees provided the basis for the
location of the study site for this research.
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Correlating Vegetation Vigor from Remotely Sensed Data with Field
Measurements

Available datasets were obtained for Rush Creek and augmented with UAV data.
The available multispectral datasets that were used to calculate NDVI were NASA
Landsat images and NAIP images. Landsat images have a 30-meter spatial resolution,
and these images are available twice a month going back more than 30 years. NAIP
images have a 1-meter spatial resolution and are available every other year during the
growing season in North America, typically July or August.
Initial data analysis involved downloading Landsat derived NDVI imagery from
1999 to 2016 and comparing the NDVI values of specific locations on lower Rush Creek
to streamflow on lower Rush Creek to determine if there are any relationships in NDVI
and streamflow at 30-meter resolution. Next, 2016 NAIP imagery was used to create
NDVI values for the study area. Linear and relationships between the NAIP derived
NDVI and 2016 in-field growth measurements were explored using linear models with
the R programming language. Four linear models were created, the models were as
follows: Minimum stem growth as a function of minimum NDVI, average stem growth as
a function of average NDVI, Maximum stem growth as a function of maximum NDVI,
and median stem growth as a function of median NDVI. A UAV was flown during the
summer of 2017 to collect high-resolution color and multispectral imagery of the study
area. The UAV color imagery was compared to the 2016 NAIP imagery to determine any
changes in stream morphology after the large storms of 2016. Finally, NDVI images were
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created from the multispectral UAV acquired imagery and NDVI values were analyzed to
determine relative vegetation vigor and any spatial patterns that may exist in vegetation
vigor along the Lower Rush Creek.
Landsat data was processed first as this is the most extensive dataset. Initially,
seventeen years of Landsat derived NDVI images (1999 – 2016) were downloaded from
the USGS Earth Resources Observation and Sciences (EROS) center Science and
Processing Architecture (ESPA) Interface using a Python script. Next, these images were
batch processed using a Python Script and Esri ArcMap to create a subset of images that
encompass the extent of Lower Rush Creek. Average NDVI was calculated for each
image. To account for issues with snow cover, only images from the summer season
(April to September) were used for this initial analysis. Finally, this average NDVI value
was compared to average monthly discharge values from Rush Creek and the Pearson’s
correlation coefficient was calculated to determine how strongly NDVI values at 30meter resolution are correlated to monthly discharge measurements. Discharge values
were only used until 2013 as this was the last year of reliable data for Lower Rush Creek.
The Lower Rush Creek discharge values were calculated by combining monthly
discharge values from below Parker Creek, below Walker Creek, the Mono Gate One
Return Ditch, and Grant Lake spill when spills occurred. Discharge data was collected by
the Mono Lake Committee and Los Angeles Department of Water and Power (LADWP)
and was provided by Robbie De Paolo of the Mono Lake Committee.
NAIP imagery from July 2016 was downloaded from the USGS Earth Explorer
website. The NDVI tool in the ENVI image processing software was used to create 1-
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meter NDVI images from the NAIP imagery. Simple linear regression models were
constructed using NAIP derived NDVI values and 2016 growth measurements to
determine if there is a significant relationship between NDVI values and measured
growth. These models were constructed using the R programming language version 3.5.1.
Additionally, the 1-meter NDVI image was analyzed to determine if there are any spatial
patterns in NDVI values along Lower Rush Creek. The spatial patterns evaluated were
location along stream (upstream, midstream, and downstream), and distance from the
main channel.
Finally, the UAV acquired color imagery was compared to the 2016 NAIP
imagery to determine if there were any major morphological changes during the 2016
runoff year. Large meanders in the stream and the location of the main channel were
identified in the 2016 NAIP imagery and the same features were measured in the 2017
UAV imagery to determine where changes occurred.
Data Management

The first year of UAV data collection created a dataset exceeding 500 gigabytes.
A plan was developed to manage such an extensive dataset. There was a folder created
for each day flights occurred. Within each date folder there was a sub-folder for color and
multispectral imagery. Within the imagery type subfolder, original, working, and final
folders were created. Original images were stored in the original folder, all data
processing occurred in the working folder, and the final folder was reserved for final
images and figures produced from the original imagery.
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RESULTS

When evaluating the differences between field measured channel widths and
channel widths measured from Google Earth imagery the two-sample t-test show that
there is no significant difference in the measured average width values at significance
level of 0.05 (p-value > 0.05) (Figure 4).

Figure 4. Boxplot displaying quartiles of stream widths measured in the field compared to
the Google Earth measured stream widths.
Analysis of the Landsat imagery demonstrates that changes in monthly discharge
values for Lower Rush Creek are related to changes in NDVI values at the same scale
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based on the results of the simple linear model (P-value<0.05) (Figure 5). The model
explained little variability in the data and there is a week correlation between Landsat
derived NDVI and monthly discharge along Lower Rush Creek (R² = .04). At 30-meter
resolution it is difficult to distinguish individual trees or different tree species in the
Landsat imagery (Figure 6). Based on the results of the simple linear model, Landsat
imagery can be used to identify general trends in vegetation vigor at the scale of Lower
Rush Creek but given the relatively low-resolution Landsat is not suitable for the longterm monitoring of individual trees or stands of trees for Lower Rush Creek.

Figure 5. Graph showing correlation between stream discharge for lower Rush Creek and
average NDVI values from Landsat imagery.
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Figure 6. Map of the Lower Rush Creek study area with 30-meter resolution Landsat
imagery as the background. At this scale, the Landsat imagery is blurry, and you
cannot distinguish vegetation from bare earth.
Analysis of the NAIP derived NDVI values from 2016 and 2016 field
measurements shows little relationship between NDVI values and growth measurements
when looking at NDVI values for specific willows that were measured by Dr. Trush.
Based on initial exploration of the data the only relationship between the 2016 field
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measurements and NDVI was minimum stem growth as a function of minimum NDVI. A
simple linear model constructed using minimum NDVI to predict minimum stem growth
was statistically significant but explained little variability in the data (P = 0.02, R² = 0.1)
(Figure 7).

Figure 7. Graphs showing correlation between various measures of 2016 NAIP imagery
derived NDVI compared to 2016 field measurements. Definition of axes is as
follows: AvgStem = Average Stem Growth, MedStem = Median Stem Growth,
MinStem = Minimum Stem Growth, MaxStem = Maximum Stem Growth,
AvgNDVI = Average NDVI values, MedNDVI = Median NDVI values,
MinNDVI = Minimum NDVI values, MaxNDVI = Maximum NDVI values.
The UAV acquired imagery provides color images at approximately 5 cm
resolution and multispectral images at approximately 7.5 cm resolution (Figure 8 &
Figure 9). With color images at 5 cm resolution it will be possible to create high
resolution maps of Lower Rush Creek and with subsequent UAV flights it will be
possible to detect changes in stream morphology at a sub meter scale. Multispectral
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imagery at 7.5 cm allows for the identification of different tree species and will provide
the ability to create NDVI images that show relative vegetation vigor as well as variations
in vigor for individual trees (Figure 9). The entire range of pixel values was not extracted
from each tree in this research, instead each tree was identified in ArcMap. The width of
the tree was measured, and a buffer based on this width was created to extract only the
pixels that corresponded to each specific tree (Figure 10 & Figure 11). Overall, the UAV
imagery will provide greater information on vegetation vigor than the NAIP imagery,
will allow for more precise measurements of stream morphology than the NAIP imagery,
and will provide an opportunity for a higher temporal resolution than the NAIP imagery
if UAV flights occur at least once per year.
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Figure 8. Two color images of the same willow tree at different resolution. The images
are at the same scale. The UAV acquired color imagery at 5 cm spatial resolution
is on the left and the 1-meter NAIP imagery is on the right. At this scale, the UAV
imagery is clear while the NAIP imagery is blurry.
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Figure 9. Two NDVI images of the same willow tree at different resolution. The images
are at the same scale. The UAV acquired imagery at 7.5 cm spatial resolution is
on the left and the 1-meter NAIP imagery is on the right. At this scale, the UAV
imagery is clear while the NAIP imagery is blurry.
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Figure 10. An NDVI image (left) and color image (right) with UAV derived data. The
black circular buffer is the buffer that was used to extract UAV derived NDVI
values for willow trees. In the example images you can see that the buffer does
not capture the entire canopy width of the tree being measured.
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Figure 11. An NDVI image (left) and color image (right) with UAV derived data. The
black circular buffer is the buffer that was used to extract UAV derived NDVI
values for willow trees. In the example images you can see that the buffer does
not capture the entire canopy width of the tree being measured.
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DISCUSSION

Correlating Vegetation Vigor from Remotely Sensed Data with Field
Measurements

Analysis of the fourteen years of Landsat data and discharge data for Lower Rush
Creek demonstrates that at 30-meter resolution there is a weak relationship between
streamflow and NDVI values. Previous studies demonstrate that Landsat data is
applicable for detecting general trends such as onset of greenness or rate of senescence
(Reed et al., 1994) but the findings of this research show that Landsat data is not suitable
for monitoring vigor of individual trees or stands of trees. At one-meter resolution the
NAIP imagery provides more information than the Landsat imagery and could possibly
be used to monitor vegetation at the scale of lower Rush Creek. One issue with the NAIP
imagery is that it is only available once per year and is not reliably available every year,
so it is not suitable for long-term monitoring of the Lower Rush Creek floodplain
vegetation. With one-meter resolution it is possible to identify stands of trees, but it is not
possible to identify individual trees in the NAIP imagery. The UAV data provides
multispectral imagery at a 7 cm resolution, with this amount of detail it is possible to
identify individual trees as well as specific stands. Previous studies have demonstrated
the ability to distinguish different types of riparian vegetation with multispectral imagery
at 15 cm resolution (Nagler et al., 2001). With UAV imagery at 7 cm resolution, it is easy
to distinguish different tree species on the floodplain and distinguish trees from the
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surrounding desert scrub vegetation. The UAV acquired data demonstrates the ability to
detect vegetation vigor of individual trees and provides an opportunity to collect data on
specific intervals or in response to changes in stream flow.
The accuracy of the spectral values collected with the RedEdge was not evaluated
in this research. Image based post-processing methods have been shown to improve the
accuracy of UAV derived multispectral imagery (Kelcey and Lucieer, 2012). For future
research at Rush Creek post processing methods could be developed to improve the
results of the multispectral data collection. Methods shown to be effective to increase the
accuracy of UAV derived multispectral imagery include visual examination of image
quality (Lu and He, 2017), comparing UAV spectral values to values recorded with a
ground-based sensor (Gago et al., 2015), and calibrating the images using ground control
points collected with high-accuracy GPS units (Berni et. al., 2009). Additionally, future
studies should record GPS coordinates of trees that were measured to ensure that the
same trees are used in the analysis of the multispectral imagery.

Limitations of the UAV Data Collection in a Desert Riparian Area

Numerous issues were encountered during the collection of the UAV data. One
common issue was the open source software failing before takeoff or during flight, this
required manual takeover to return the UAV and in one instance a flight had to be
completed manually to cover the area of interest (Figure 12 & Figure 13). Another issue
was the integration of the RedEdge camera to the DJI Inspire. An integration kit was
purchased to mount the RedEdge to the Inspire however the kit was not ideal as it altered
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the payload of the UAV affecting the flight and a separate battery to power the RedEdge
was required (Figure 14). Because of the changes to the flight of the UAV flights could
not be performed in high wind situations which typically occurred in the afternoon during
the field work. To program image capture for the RedEdge a portable computer with
WiFi was needed. There were issues with connectivity between the portable computer
and the RedEdge which caused depleted battery life as these issues were resolved, this
reduced flight time and area covered for some of the flights. Finally, data storage and
data processing was problematic as over 300 gigabytes of data were collected and
processing each flight took two to four hours. The large amount of data required a data
management plan to be adapted so the workflow of collecting, processing, and analyzing
the UAV data was more efficient and reproducible.

Figure 12. Image showing flight path of UAV mission that was completed successfully.
The blue dots depict the flight path of the UAV.
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Figure 13. Image showing flight path of UAV mission that failed and had to be
completed manually. The blue dots depict the flight path of the UAV.

Figure 14. The UAV and cameras that were used in this study. The UAV is a DJI Inspire
equipped with DJI Zenmuse 3 color camera and a Micasense RedEdge
multispectral camera.
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Another issue with collecting UAV data during the summer in California is
wildfire. In recent years, the length of fire season in California has increased (Yoon et al.,
2015) and the extent of the fires has been greater (Williams and Abatzoglou, 2016). The
close proximity of Mono Lake to fire prone areas in California reduces the available time
to conduct the UAV flights. Subsequent flights at Rush Creek took place during the
summer of 2018 and the duration in the field was limited due to the borderline hazardous
air quality as a result of the fires burning in Yosemite National Park. If UAVs will be
used for long-term monitoring at Rush Creek the current fire conditions will need to be
evaluated when the trips are planned. A potential solution would be to have a scientist at
the Mono Lake Committee collect the UAV data and send the data to HSU for
processing.
Finally, additional vegetation indices should be considered for future studies.
While NDVI has proven effective for vegetation monitoring, other indices exist that
could provide additional information. Other indices developed for vegetation monitoring
include indices based on visible light (Red Green Blue Visual Index or RGBVI) and the
Normalized Difference Wetness Index (NDWI). The RGBVI was developed to use UAVbased RGB images for crop biomass estimation (Bendig et al., 2015) and can potentially
provide more information about vegetation health than solely using NDVI. NDWI uses
near-infrared (NIR) and short-wave infrared (SWIR) wavelengths to detect vegetation
liquid water and was developed to be used in conjunction with NDVI but does not serve
as a substitute (Gao et al., 1996). SWIR data was not used during this study and there are
limited studies using NDWI with UAVs; however, there is Landsat SWIR data available
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beginning with Landsat 4 so it could be used in a more comprehensive analysis of
satellite imagery.
Determining Channel Widths

Initial models to determine a difference in channel widths measured in the field or
measured via Google Earth imagery showed no significant difference in the two methods.
When the alpha level in the models was changed from 0.05 to 0.1 there was a significant
difference between channel widths measured in the field and channel widths measured
using Google Earth imagery. Some differences may exist because the widths measured
from Google Earth imagery were captured at a different time than when the
measurements occurred in the field. Other issues include difficulty digitizing width
locations based on maps where widths were hand-drawn in the field or where the entire
channel was not visible due to tree cover (Figure 15). Additionally, identifying the
floodplain width and wetted width is not possible when looking at the Google Earth
imagery. Outliers in the Google Earth measured widths are likely because the floodplain
width or some other measure was marked on the field maps and the digitized width was
done in a way to match what was shown on the field maps (Figure 15). Finally, Google
Earth does not publish when their imagery is updated so this imagery may be used for
monitoring but is not ideal for long-term monitoring. NAIP imagery was not used to
measure channel widths because at one-meter resolution measuring the channel was less
accurate than measuring when using Google Earth imagery (Figure 16). For the area of
Lower Rush Creek NAIP imagery is only available once per year every other year so it is
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not suitable for long-term monitoring. Given the success of using Google Earth imagery
to measure channel widths the UAV imagery collected was not used to measure channel
widths. Previous studies have demonstrated the ability to use UAV imagery to identify
river hydromorphological features such as side bars, riffles, glides and pools (Casado et
al., 2015). Other studies have shown that DEMs generated from aerial imagery using
SfMsoftware are comparable to LiDAR derived DEMs in spatial resolution and have a
much lower cost (Fonstad et al., 2013). Given the abilities of UAV imagery and UAV
derived DEMs future channel monitoring efforts could be accomplished using UAVs. Of
the datasets evaluated the UAV data provides the highest resolution imagery however
training is required to operate the UAV and UAV data collection requires a significant
amount of time in the field and time spent processing data.
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Figure 15. Example of a map that was used in the field to mark the location of various
stream morphologic features. Maps similar to this one were used to digitize
stream widths.
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Figure 16. Map showing digitized stream widths in red. The background image is from
2016 NAIP imagery.
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CONCLUSIONS

This research shows that NDVI derived from currently available remote sensing
data (NAIP, Landsat) can be used to determine general trends in vegetation and can be
weakly correlated to the hydrographs but at the scale of lower Rush Creek these data sets
cannot monitor the vigor of individual trees or stands of trees. This is due to the relatively
low resolution of the Landsat data and the limited availability of NAIP data for the study
area. The UAV imagery has demonstrated the ability to produce accurate NDVI
measurements of specific trees on an annual basis. The UAV derived NDVI has the
potential to be correlated to components of the annual hydrograph but the data would
need to be collected over several years. Additionally, a more robust UAV platform such
as the DJI Matrice would be more suitable for this type of monitoring as it is designed for
development and can be equipped with additional sensors and batteries.
Analysis of the Google Earth imagery shows that widths can be accurately
measured from remotely sensed data where there is minimal vegetation cover. At 1-meter
resolution it was difficult to measure widths accurately so NAIP imagery is not suitable
for measuring stream morphology long term. However, Google Earth imagery is not
updated annually so UAV acquired data would be ideal for measuring widths and other
morphologic features. Field work would be required where vegetation is dense and to
measure features such as wetted and floodplain width.
Overall, UAV acquired imagery displayed the ability to measure both riparian
vegetation vigor as well as certain morphologic features of the stream. Long-term data
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collection using a UAV is necessary to determine how effective UAV data can be
depending on varying flow regimes and amounts of precipitation. Ideally, UAV data
would be augmented with traditional remote sensing data and field data collection to have
the most thorough understanding of vegetation response and morphologic changes as a
result of varying flow regimes and amounts of precipitation.
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